Abstract: Large scale clearing of native forests for agriculture modifies the patterns of rainfall partitioning into evapotranspiration, runoff and infiltration. As deep rooted trees have higher evapotranspiration rates compared with shallow rooted crops for a given amount of rainfall, removal of native trees results in an increased recharge. This can mobilize salts stored in the unsaturated zone and groundwater. The discharge of salts from catchments causes the salinisation of water and land resources in sub-humid to semi-arid regions. In addition to causing significant loss to economy, the salinity issue is a serious threat to the environmental sustainability.
INTRODUCTION
Large scale clearing of native deep-rooted vegetations for agriculture modifies the hydrologic balance due to changes in evapotranspiration (Ghassemi et al. 1995) . Changes in hydrological balances are the main factor in mobilising large amounts of salts stored in groundwater and soil water (Herczeg et al. 2001) . In order to understand the effect of land-use change on salinity processes at a catchment scale, it is important to partition rainfall into evaporation, runoff and recharge ). Salinity problems on a regional scale depend on changes in recharge brought by changes in land-use (ibid).
Spatial variability in stream salinity is a function of climate, topography and vegetation (van Dijk et al. 2008) . Davey et al. (2006) reported that flatter areas (< 2 degrees slope) overlain by saline soils and rainfall between 500-850 mm/year are vulnerable to salinisation. They postulated that in drier areas (rainfall < 500 mm/year), water is not available in sufficient quantity to mobilize salts while in wetter areas (rainfall > 850 mm/year) salts are leached out of soils by rain water. Zhang et al. (2004) explained that mean annual evapotranspiration from a catchment depends on the climatic variables and catchment attributes such as forest cover, plant available water storage capacity and topography. They used a rational function approach for estimating mean annual evapotranspiration that incorporates the net effect of climate and catchment characteristics. The model assumes that for a given precipitation, the rate of change in catchment evapotranspiration with respect to potential evapotranspiration increases with residual precipitation (P -E) but decreases with potential evapotranspiration (E o ) (Zhang et al. 2004) , mathematically:
Where E, E o and P are mean annual evapotranspiration, annual potential evapotranspiration and annual precipitation respectively. 'w' is a catchment parameter, assumed to represent the combined effect of climate and catchment characteristics such as vegetation cover, soil properties and topography (ibid). Zhang et al. (2004) showed that the effect of parameter 'w' on the evapotranspiration ratio (E/P) is insignificant under very dry or very wet condition except for w < 1.5, as precipitation and available energy control evapotranspiration under these two extreme conditions. Smaller values of 'w' are associated with catchments having climatic or catchment attributes that support higher runoff and lower evapotranspiration ratios (E/P) (ibid). The sensitivity of evapotranspiration ratio (E/P) to parameter 'w' is maximised when the index of dryness (E o /P) is close to 1 (Zhang et al. 2004) . Similarly, Zhang et al. (1999) pointed out that the maximum difference in the evapotranspiration ratio (E/P) between forest trees and herbaceous plants takes place when the index of dryness is around 1 (i.e. E o /P =1). Under such conditions, trees are able to extract water from a greater depth compared to herbaceous plants (ibid).
The total annual evapotranspiration from a forested catchment is greater than for non-forested catchment for a given amount of annual rainfall (Zhang et al. 1999) . Zhang et al. (1999) presented a simple model for estimating annual evapotranspiration from a catchment based on mean annual rainfall and fraction of forest cover. This model can be used to assess the effect of changes in forest cover on catchment water balance. The model by Zhang et al. (1999) is given as follows: Where, 'ET' is the annual evapotranspiration, 'f' is the fraction of forest cover and 'P' is catchment annual rainfall.
The main objective of this paper is to understand the effect of vegetation changes on low flow salinity in semi-arid to sub-humid regions. The catchment scale observed data on climate, catchment attributes and landuse were analysed to investigate spatial variability in low flow salinity. The catchment scale evapotranspiration models (Zhang et al. 1999 and Zhang et al. 2004 ) were used to assess the effect of vegetation changes on low flow salinity. An ordinary least square model is developed to predict low flow salinity in the study catchments.
METHODS
The data used in the analysis is summarised in Table 1 . The observed data on streamflow and salinity, climate, vegetation, geology, soils, catchment physical characteristics, and groundwater salinity were analysed from 78 catchments across Victoria, Australia. These catchments are from 17 river basins draining on either side of the Great Dividing Range. Time series of streamflows were analysed for quantifying the variability in streamflows, flow duration curves and baseflow index. Baseflow index was estimated by using the Chapman and Maxwell method (Grayson et al. 1996) . Stream salinity data comprised primarily of mostly monthly observed values of stream salinity. The 10 th , 50 th and 90 th percentiles of stream salinity were then derived. Time series of streamflow and salinity covered different time periods and durations for different study catchments. The observed streamflow data was not available for about 1/6 th of the study catchments. These were infilled by computed (modelled) streamflow for these catchments (Table 1 ).
The study catchments were delineated with the help of a 90m resolution digital elevation model (DEM) (Jarvis et al. 2008) . The size of catchments varies from 32 km 2 to 6240 km 2 . There are no large dams in the study catchments. Terrain attributes were derived from the DEM, such as elevation, relief, aspect, length of streams, drainage index, slope index, area fractions with different slopes (up to 2%, 2% -4% and 4% -7%), stream order (Strahler), and stream bifurcation ratio. The catchment scale variability in the climate (mean annual rainfall, actual evapotranspiration, and potential evapotranspiration), soils, geology and land-use attributes were analysed with the help of digital maps.
Groundwater salinity was analysed from the time-series of 10,000 bores in the region. An interpolated surface of mean salinity values of these groundwater bores was generated in ArcGIS by using the inverse distance method. The catchment polygons and ArcGIS 'intersect' tool was used to obtain the mean groundwater salinity values. Similarly, the change in the native forest cover was estimated from the native vegetation maps of pre-European settlement (1788) and post-European settlement (1988) . Statistical techniques such as the correlation analysis, rank and percentiles, linear regression were used for the analysis. 
RESULTS OF ANALYSIS

Catchment scale evapotranspiration and low flow salinity
Based on the vegetation map of 1988, annual evapotranspiration for all study catchments was estimated by using equation (2). These estimated evapotranspiration values were then used in equation (1) for determining the catchment parameter 'w' and evapotranspiration ratio (E/P) for each catchment. As the effects of forest clearing are more pronounced on low flow salinity, we used low flow salinity (C 90 ) as the relevant measure of stream salinity for this paper. The low flow salinity (C 90 ) is the salt concentration in streamflow not exceeded 90 percent of time.
Correlation between low flow salinity (C 90 ) and catchment evapotranspiration efficiency (E/E o ), catchment parameter 'w', and index of wetness (P/E o ) is shown in figures 1 to 3. Figure 4 shows correlation between evapotranspiration efficiency (E/E o ) and fraction of catchment forest cover. Each dot in the plots represents one catchment. Where, 'mAR' stands for mean annual rainfall, 'SL1' catchment fraction having up to 2% slope, 'SL2' Catchment fraction having slope 2%-4%, 'M_sl' mean slope, 'M_elev' mean elevation, 'DLP' catchment fraction under dryland pasture, and 'nVeg' stands for catchment fraction of native forests.
Ordinary least square regression model for low flow salinity
A correlation analysis was carried out to examine the association of low flow salinity (C 90 ) with a number of variables and indices related to climate, catchment characteristics and landuse. Table 2 shows correlation of variables with the low flow salinity. The variables were selected based on their correlation with low flow salinity (C 90 ) having correlation coefficients greater than 0.5.
The low flow salinity (C 90 ) in the region can be predicted with the help of key variables that are closely associated with C90. However, due to covariance between the variables, it becomes difficult to identify the explanatory variables for low flow salinity (C 90 ) from the correlation coefficients (Table 2 ). We applied an ordinary least square regression to all variables shown in Tabel 2 to identify the explanatory variables for C 90 . The functional form between the explanatory variable and C 90 was kept the same as found in the correlation plots (see Figure 1-3) . The correlation of 'SL1', catchment fraction having up to 2% slope with C 90 had no definite pattern, while 'SL2', catchment fraction having 2% to 4% slope was an exponential fit (R 2 =0.78). The use of least square regression identified the best combination of variables that could explain variability in C 90 . It also optimized parameters of the variables. The catchment parameter 'w', catchment fraction having slope up to 2%-4% (SL2), and index of wetness (P/E o ) were identified as the explanatory variables for C 90 for the study catchments. The least squares regression model calibrated for 58 catchments is as follows: 
The study catchments were divided into two groups, 58 for calibration and 20 catchments for evaluation of the regression model (equation 3). As the study catchments represent 17 river basins from the region, the same variability was maintained in both the calibration as well as evaluation datasets. The calibrated regression model was applied to the 20 catchments for evaluation of the model. A comparison of observed and modelled C 90 values is shown in Figure 5 , for both the calibration and evaluation datasets.
DISCUSSION AND CONCLUSION
The use of catchment scale evapotranspiration models (equation 1 and 2) gives useful information on the effect of vegetation changes on low flow salinity (C 90 ). Evapotranspiration efficiency (E/E o ) is negatively correlated with low flow salinity ( Figure 1, Table 2 ). A decrease in the evapotranspiration efficiency below the critical value of 0.6 shows a rising trend in low flow salinity. High low flow salinity values occur for the evapotranspiration efficiency values between 0.5 and 0.6. The 0.5 to 0.6 range of evapotranspiration efficiency represent catchments with the medium rainfall zone (500-850mm). Whereas, evapotranspiration efficiency values below 0.5 represent catchments with low annual rainfall and high annual potential evapotranspiration. Figure 4 shows that evapotranspiration efficiency significantly associated with the forest cover. Similarly, low flow salinity is also correlated with catchment parameter 'w'. However, variability of catchment parameter considerably reduces around 1.4. Based on the observed data, it was noted that catchments can be divided two main groups on the basis of catchment parameter 'w'. One group having saline low flows and the other with less saline low flows. The low flow salinity (C 90 ) for the saline low flows ranges between 700mg/l to 8832 mg/l and for the less saline between 29.44 mg/l to 390mg/l. Out of the 78 study catchments, 36 catchment have saline low flows with the catchment parameter 'w' ranging from 1.27 to 1.45 and 42 catchments have less saline low flows with the catchment parameter 'w' ranging from 1.47 to 2.9. It was noted that saline low-flow catchments had less forest cover, greater fraction of area having flatter slopes and dryland pasture and fall in the medium rainfall zone (500-850mm per year) (Davey et al. 2006 ).
Index of wetness (P/E o ) also shows close association with low flow salinity (C 90 ), especially in the range of 0.55 to 0.75 ( Figure 3 , Table 2 ). In this range, index of wetness (P/E o ) coincides with the medium rainfall zone (500-850mm). Correlation analysis (Table 2) shows that low flow salinity is closely associated with climate variables, catchment physical attributes and landuse variables (van Dijk et al. 2008) . However, variables related to groundwater salinity and catchment geology were not found to be closely correlated with the low flow salinity in our study catchments. It was noted that the density of bores with groundwater salinity data and the catchment polygons were not overlapping spatially.
In order to develop a simple model, an ordinary least squares regression model for low flow salinity (C 90 ) identified the catchment parameter 'w', catchment fraction having slope 2%-4% and index of wetness (P/E o ) as the key variables for the study catchments. The model consisted of nine parameters, 3 for variable coefficients and 2 parameters with the each variable in the model. As the parameters were optimized, the model does not present a unique solution and affects of local minima cannot be ignored. However, a better prediction model could be developed by adopting other alternatives, such as robust regression, spatially weighted regression and the principal component analysis. It is noted that the use of better explanatory variables and applying the model to a group of homogeneous catchments may improve model prediction. A strong covariance between different variables was noted (Table 2) . This means that a number of variables provide similar type of information about a catchment. This is on-going study and therefore, uncertainty in the input data was not considered at this stage. The existence of covariance in the data and lack of uncertainty analysis on the input variables can be the likely cause of modest results from the regression model (equation 3).
The findings in this paper are in agreement with the previous studies, that large scale clearing of native deeprooted vegetations for agriculture modified the hydrologic balance due to changes in evapotranspiration and resulted in salinisation of land and water (Ghassemi et al. 1995 , Zhang et al. 1999 ). This paper demonstrates that catchments characterized with saline low flows can be identified with the help of simple catchment scale evapotranspiration models and long term annual climate data.
